Abstract-Ship trajectory length prediction is vital for intelligent traffic signaling in the controlled waterways of the Yangtze River. In current intelligent traffic signaling systems (ITSSs), ships are supposed to travel exactly along the central line of the Yangtze River, which is often not a valid assumption and has caused a number of problems. Over the past few years, traffic data have been accumulated exponentially, leading to the big data era. This trend allows more accurate prediction of ships' travel trajectory length based on historical data. In this paper, ships' historical trajectories are first grouped by using the fuzzy c-means clustering algorithm. The relationship between some known factors (i.e., ship speed, loading capacity, self-weight, maximum power, ship length, ship width, ship type, and water level) and the resultant memberships are then modeled using artificial neural networks. The trajectory length is then estimated by the sum of the predicted probabilities multiplied by the trajectory cluster centers' length. To the best of our knowledge, this is the first time to predict the overall trajectory length of manually controlled ships. The experimental results show that the proposed method can reduce the probability of generating incorrect traffic control signals by 74.68% over existing ITSSs. This will significantly improve the efficiency of the Yangtze River traffic management system and increase the traffic capacity by reducing the traveling time.
Trajectory Length Prediction for Intelligent Traffic
Signaling: A Data-Driven Approach I. INTRODUCTION Y ANGTZE River has been the world's busiest navigable inland waterway since 2010 as more freights are transported through the Yangtze River than the other inland waterways [1] . Record shows that 2.18 billion tons of cargo were shipped through the main reaches of the Yangtze River in 2015, which accounts for 80% of the river freight in China [2] . The figure is expected to reach 6.2 billion tons in 2030, which is about 17% of the global total shipping volume [3] . Controlled waterways are special areas in the Yangtze River with unfavorable geographical conditions, e.g. narrow channels, sharp curves and raging water. Fig. 1 shows the map of the Shenbeizui Controlled Waterway in Sichuan Province, China. Ships are only allowed to pass in one direction at a time in this U-shape controlled waterway for safety reason. This means if two ships intend to pass through the Shenbeizui Controlled Waterway from both directions, only one ship is allowed to pass at one time while the other must wait outside the controlled zone until it is cleared. This becomes much more complicated if more ships arrive at both directions. A number of intelligent traffic signalling systems have been deployed along the Yangtze River to control the traffic. However, the accuracy of the generated traffic signals is quite low, which becomes the key factor limiting the traffic capacity of the Yangtze river [4] .
The traffic signalling of the controlled waterways entirely relies on the time a ship needs to pass through the controlled waterways. This can be computed through the trajectory length and the speed of the each ship. In our previous work, a novel algorithm has been proposed to build ship speed models for long-term prediction in the Yangtze River traffic management [5] . Although the trajectories of each downstream ship follow nearly the same pattern and end up with a similar length, the upstream ships are in a different scenario. It varies significantly due to raging water, and limited engine power, etc. Thus, this paper mainly focuses on the trajectory length prediction for upstream ships.
Ships' trajectory has been studied from different perspectives in the literature, and a few were reported for inland waterway applications. However, most efforts were made to avoid ship collisions instead of improving the traffic efficiency. A three layered BP neural network was built to predict the ship's trajectory where the ship's speed and course were used as the input of the BP network, and the ship's position change was the output [6] . Even though the proposed model is computationally efficient, It can only achieve 1 minute ahead trajectory prediction with satisfactory accuracy. Sutulo et al. proposed a simplified realistic dynamic mathematical model by eliminating a number of secondary effects and using a very small number of input data. The model can be computed at high speed, but it is still limited to short time prediction [7] . Perera et al. proposed an extended Kalman filter (EKF) to predict ship states and trajectory for both vessel navigation systems and vessel traffic monitoring systems [8] . The EKF was shown to have a perfect performance in estimating ship speed and acceleration from noised data. However, it has the same limitations listed above, and thus is not suitable for overall trajectory length prediction in Yangtze River. Gerben et al. proposed an unsupervised long-term ship trajectory modeling and prediction method for a certain marine region [9] . The trajectories used in the experiment is more or less the same within a week, thus the trajectory can be predicted directly by using clustering algorithms, which is not the case in the controlled waterways in the Yangtze River. Serrano built a three-degree ship freedom model to control the ships to follow trajectories previously established [10] .The model was built based on the surge, sway and yaw which are very difficult to obtain for most manual operation ships travelling along the Yangtze river. The existing works are either one-step ahead trajectory prediction which aims to avoid ship collisions instead of improving the traffic efficiency or depending on variables which are not accessible in inland waterways. Thus, the existing works are not suitable for our specific applications.
According to our previous study, the ships' trajectories heavily depend on the ship speed, loading capacity, selfweight, engine power, ship size, ship type and water level. Due to the fast development of information and communication technologies, the volume of historic traffic data has been growing rapidly, leading to the era of big data. Transportation management and control are becoming more data-driven based. Although many ship trajectory prediction systems and models have been proposed, the majority can only achieve short-term trajectory prediction and the performance is still unsatisfactory. This inspires us to reconsider the ship trajectory length prediction problem based on big historical traffic data.
In this paper, the historical trajectories were first partitioned into 5 segments according to its variance and then clustered into smaller groups using the Fuzzy C-Means (FCM) algorithm for each segment. The clustered trajectories along with their memberships which are obtained by the FCM algorithm, and together with other traffic data were then used to train the ANN models. The predicted trajectory length is obtained by summing the weighted mean length of clustered trajectories. The experimental results confirm that the resultant models can predict ships' trajectory lengths with a fairly satisfactory accuracy and significantly reduce the error of traffic control signals. The developments will become an important part of the intelligent traffic signalling systems (ITSSs), where the optimal traffic control signals are highly dependent on the accuracy of the ships' predicted trajectory length.
The contributions of this work are five-fold: 1) Overall trajectory length prediction is proposed for the first time for manually operated ships in inland waterways. 2) Identify the patterns of trajectories of manually operated ships passing in inland waterways. 3) A model is built for the first time to relate the unknown ship trajectory with its known factors (ship speed, loading capacity, self-weight, maximum power, ship length, ship width, ship type and water level). 4) Data preprocessing to enhance the accuracy of the overall trajectory length prediction. 5) Reduce the probability of generating wrong traffic control signals by 74.68% over existing ITSSs.
The rest of the paper is organized as follows. Section 2 gives a brief introduction of the controlled waterways in Yangtze River and issues around the traffic management in controlled waterways. In section 3, the adopted method will be presented in detail. Then in section 4, the ship trajectories are clustered and modelled, and the effectiveness of the proposed models are tested and verified. Finally, section 5 concludes the paper with remarks on future work.
II. PROBLEM STATEMENT

A. Traffic Management in Controlled Waterways of Yangtze River
In addition to the unnecessary waiting time of ships in the controlled waterway traffic management as mentioned above, another issue is that downstream ships have to turn round and head upstream in order to make a stop because of the torrential water flow in the controlled waterways, as shown in Fig. 2 . Due to harsh geological features of the controlled waterways, it is very dangerous for ships to turn round. Thus, the ITSSs were deployed to improve the controlled waterways' traffic efficiency while avoiding the stop and waiting of downstream ships.
However, as current ITSSs often assume that all ships travel exactly along the middle line of the Yangtze River, the predicted ship passing time is inaccurate, leading to ineffective even wrong traffic control signals. In reality, the controlled waterways are often occupied by upstream ships when downstream ships arrive. Therefore, the downstream ships have to wait and thus need to make unnecessary U-turns. Such nonoptimal traffic control signals not only lead to hours of waiting, but also impose potential risks to the ships when making the U-turns. Fig. 3 shows the waiting time of a randomly selected upstream ship passing through the Shenbeizui Controlled Waterway from March 2014 to August 2014. Each bar represents the waiting time of the ship when it passed through the controlled waterway. During this six months period, this ship has traveled through the Shenbeizui Controlled Waterway for 86 times. Its total waiting time is 90 hours, with an average of 62.6 minutes per journey. Since hundreds of thousands of ships are operating on the Yangtze River every day, their total waiting time not only results in a huge economic loss but significant environment pollutions as upstream ships have to keep their engine running to avoid being swept downstream. Therefore, it is crucial to generate accurate traffic signals which relies on the overall trajectory length prediction. Fig. 4 illustrates a basic situation of traffic management in a controlled waterway. Ships A and B are going to travel through the controlled waterway. The existing ITSSs generate the traffic signals by the following simplified model if two ships are about to pass through the controlled waterway from different directions at the same time.
where S denotes the length of the controlled waterway, time while guaranteeing the priority of downstream ships. It is obvious that the performance of the model (1) highly depends on the accuracy of the long-term ship speed prediction and the overall trajectory length prediction. We built a long-term ship speed prediction model to predict ships' speed while passing through controlled waterways [5] . This paper only focuses on ships' overall trajectory length prediction when passing through controlled waterways.
Upstream ships also have some difficulties in choosing a short trajectory due to their power limitation and raging water conditions. They need to turn frequently in the controlled waterways to compensate for adverse water stream force, and end up with tranquil but long trajectories. This situation is often more frequent when ships are full loaded and underpowered. Fig. 5 shows the trajectories of 2000 randomly selected upstream ships passing through the Shenbeizui Controlled Waterway. It is clear that the actual ship trajectories do not follow the middle line which is adopted in current ITSSs to calculate the trajectory length as well as the passing time. Thus, the non-optimal signal generation becomes inevitable due to incorrect prediction of the trajectory length. Fig. 6 shows the length of the 2000 ships' trajectories, which indicates a large variation from the middle line (red). The incorrect trajectory length prediction in current ITSSs not only leads to hours of unnecessary waiting, but also increases the chance of waiting for downstream ships which is against the controlled waterway traffic management regulations.
B. Problem Formulation
Based on the above analysis, accurate trajectory length prediction is vital for the traffic signalling on the Yangtze River. However, manually controlled ships have lots of uncertainties in their travelling trajectories. Thus it is very difficult to predict the trajectory or its length directly based on historical data. However, the trajectories can be clustered into small groups based on their similarities. The trajectories within the same cluster have similar length distribution. Our previous studies show that, the upstream ships' trajectories are related to the ship speed, loading capacity, self-weight, maximum power, ship size and water level. Therefore, a mathematical model based on these known factors could be built to calculate the probability of a trajectory belonging to each cluster. The predicted trajectory length can be presented by summing the probability weighted cluster means.
Suppose {x i } m i=1 ⊆ R n denotes the trajectories which will be clustered into C groups, g 1, g 2 , . . . g C . The aim of the first stage is to estimate the membership w i j which denotes the probability of trajectory x i belonging to cluster g j . The second stage will calculate the probability of w i j for all possible i and j ( j ∈ [1, C]) based on known factors of ship i , i.e. speed v i , loading capacity lc i , self-weight sw i , maximum power mp i , ship length len i , ship width wid i , ship type ty i and water level wl i , as shown in (2) . The function f is normally unknown and needs to be identified. In this paper, an Artificial Neural Network (ANN) is adopted.
where i = 1, 2, . . . , m, j = 1, 2, . . . , C. Thus, the predicted length of the i th trajectoryl i can be obtained by summing the probability weighted cluster centers length.l
where g j denotes the mean length of cluster j .
III. METHODOLOGY
The trajectory length of a ship depends on how it travels across the controlled waterway. According to our studies, it is very difficult to predict the exact trajectory for each ship because of too many uncertainties. However, by analyzing the historic trajectory data, it is possible to group the trajectories into a number of clusters using clustering algorithms and represent the trajectory length by the mean group length. A clustering method can be either hard or fuzzy type. In hard clustering methods, the patterns are distinguished in a welldefined cluster boundary region. But due to the overlapping nature of the cluster boundaries, some patterns may be specified in a single cluster group or dissimilar groups. This property may limit the use of the hard clustering methods in our application. To tackle such limitations, the fuzzy clustering method is adopted to group the trajectories.
After the clustering procedure, the problem is then transformed to a supervised learning problem as the probabilities are known. The relationship between the probabilities and the known factors need to be learned. Artificial neural networks, which were initially inspired by the biological neural nets, offer a number of advantages, including less formal statistical training, ability to implicitly detect complex nonlinear relationships between dependent and independent variables, ability to detect all possible interactions between predictor variables, and the availability of multiple training algorithms. Thus ANN is a good choice in building the relationship between the probabilities and the known factors.
A. Clustering
FCM is a fuzzy clustering algorithm which assigns memberships to each data corresponding to all clusters based on the distances of the data and the cluster centers [11] . Due to the characteristics of the ship trajectories, it is not accurate to group trajectories into exclusive clusters. FCM is thus very suitable to solve the ship trajectory clustering problem as it uses a fuzzy membership which assigns a degree of membership for every cluster. Let X = (x 1 , x 2 , . . . , x N ) denotes N data samples to be clustered into C groups. The algorithms aims to minimize the objective function (4) iteratively.
where m = 1, 2, · · · , ∞ is an index that controls the fuzziness of the resulting partition. In the absence of experimentation or domain knowledge, m is usually set to 2. μ i j ∈ [0, 1] is the membership indicating the probability of x i belonging to cluster j , thus,
g j is the center of j th cluster, and * denotes the similarity between data x i and the cluster center c j .
The objective function J is minimized when larger membership values are assigned to data closer to the cluster centers, and vice versa. The memberships and the cluster centers are updated by:
if m is set to 1, the memberships μ i j converge to 0 or 1, which transforms to a hard clustering method.
The pseudo code of FCM algorithm is summarised in Algorithm 1. Specifically, an appropriate number of clusters C are determined first followed by the initialization of C centres randomly selected from the data set. The centers and memberships are then updated iteratively until a stop criterion is met, such as the changes of memberships become small as shown in Eq. (8) or the centres do not change in two successive iteration steps.
Algorithm 1 Pseudo Code of FCM
Input:
Number of clusters C, Data set X, Fuzziness index m; Output:
Cluster centers c, membership of all data μ; 1: Randomly select C cluster centers; 2: Calculate the initial memberships; 3: repeat: 3: for(i=1;i<=N;i++) do 4: for(j=1;j<=C;j++) do 5:
update the cluster centers according to (7); 6: end for 7: end for 8: for(i=1;i<=N;i++) do 9:
for(j=1;j<=C;j++) do 10:
update membership values according to (6); 11: end for 12: end for 13: Until stop criteria (8)
B. Artificial Neural Network
Generally, An artificial neural network usually contain at least 3 layers: input layer, hidden layer and output layer. The input data are fed to the network through the input layer and then delivered to the hidden layers by multiplying layer weights. In the hidden layers, the weighted sum of the input data is fed to a nonlinear activation function, e.g. sigmoid function. The processed data is finally transferred to the output layer to calculate neural network outputs. All layers in neural network consist of neurons which are the fundamental processing elements, and the neurons from neighbouring layers are interconnected with weights. It has been proved that the artificial neural network is capable of representing any continuous function with an arbitrary degree of accuracy by tuning the weights [12] . where f is the activation function of the neurons in j th layer. Consequently, the output of the network can be calculated as:
where j = 1, 2, . . . , n is the number of neurons in the output layer. τ and σ are the activation function of output layer and hidden layer respectively.
The most commonly used artificial neural network for classification problem is the multilayer perceptron (MLP) trained by the back-propagation (BP) algorithm [13] . BP is a supervised training method for neural networks which relies on errors between network outputs and desired outputs. This error is minimized by tuning the weights using gradient descent optimization methods. Therefore, the training process can be divided into two phases. In the forward phase, the input data is fed to generate the network output. While in the back propagation phase, the network error was used to tune the weights backwards. The pseudo code for the BP algorithm is given in Algorithm 2.
IV. EXPERIMENTS
A. Data Description
The real data collected from the Shenbeizui Controlled Waterway ITSS are used in the experiment as a numerical example. The ITSS retrieves data from a AIS (Automatic Identification System) station which transmits ships' information by radio. AIS is an automatic tracking system used for identifying ships by exchanging information (i.e. Maritime Mobile Service Identity (MMSI), ship name, type, dimension, draught, navigation status, rate of turn, speed over ground, longitude, latitude, true heading etc.) with nearby AISs through for every node in the layer 5:
Calculate the weighted sum of inputs to the nodes 6:
Calculate the node outputs 7: end 8: end //Propagate the errors backward through the network: 9: for every node in the output layer 10:
calculate the error signal 11: end 12: for all hidden layers 13:
for every node in the layer 14:
Calculate the node's signal error 15:
Update each node's weight in the network 16: end 17: end 18:until stop criteria 161.975 and 162.025 MHz VHF (Very High Frequency) radio. Fig. 8 depicts the basic structure of AIS data acquisition system. In the Yangtze Rive, all ships are required to deploy AIS. The ITSSs can also gain access to the water level information from the Yangtze River Waterway Administration in real time. Thus, the data needed in this paper are always available from the ITSSs.
In this paper, 2000 randomly selected upstream ships' trajectories corresponding to their speed, maximum power, self-weight, loading capacity, ship type, ship width, ship length and the water level were used. All the 2000 trajectories were first clustered by the FCM algorithm to obtain their memberships belonging to the clusters. Then, the 10 fold cross-validation method was used to train the trajectory models to relate the ship information and the probabilities of choosing different trajectory clusters. The original data were randomly partitioned into 10 equal-sized subsets. One subset was used as the validation data to test the model while the others were used as training data. This process was then repeated 10 times with each part used exactly once as the validation data and the 10 results can then be averaged to produce a single estimation. The detailed procedure of the experiment is illustrated in Fig. 9 .
B. Data Pre-Processing
1) Dimension Reduction:
In practice, ships broadcast their status at different frequencies relating to their speed [14] . This causes the ship trajectories nonaligned, and the sampling rates vary. FCM cannot be applied to these raw data. Thus data preprocessing becomes necessary. Firstly, all the 2000 trajectories were aligned to the same starting and ending lines, and then re-sampled to the same size, i.e. same number of points in each trajectory. Fig. 10 shows the pre-processing of two raw trajectories, • and * are the position points of two different trajectories. Let tr a j ectori es = {tra 1 , tra 2 It has been proven that high data dimension increases difficulty for clustering algorithm due to more expensive computational cost and sensitivity to redundancies [15] , [16] . To tackle this issue, all the trajectories' coordinates were transformed from GPS to the distances from the bank of the controlled waterway, shown in Fig. 11 original trajectories. The data dimension has reduced from 2m to m.
2) Trajectory Partitioning: Clustering the trajectories as a whole often ignores the local characteristics. Reference [17] proved that both the local and global characteristics of the trajectories can be reserved by properly partitioning the trajectories. It has been noticed from the ships' history trajectory data that ships selected different trajectories after gathering together at the intersections, as shown in fig. 12 . This can be further confirmed by the trajectory variances, where ship trajectories converge at the variance minimum points. Therefore, the trajectories were naturally partitioned into 5 segments by the 4 variance minimum points, as illustrated in fig. 12 .
C. Index of Performance
To evaluate the performances of the proposed algorithm, three indexes, i.e. normalized prediction error (NPE), mean absolute error (MAE) and mean squared error (MSE) were used in this paper. They are defined as where l i is the actual length of i th trajectory, andl i is the predicted length.
D. Trajectory Clustering
FCM clustering needs the similarity information between trajectories. In this case, the similarity between trajectories i and k was defined as the sum of gaussian distance between the corresponding points
where di s( p
gives the gaussian distance between the j th point of trajectories i and k.
Another parameter to be determined for FCM is the number of clusters. This requires some prior knowledge about the data set otherwise a guess has to be made. In this study, prior knowledge and AkaikeâŁ™s information criterion are adopted to estimate the optimal number of clusters [18] which are 3, 2, 2, 3 and 4 for the above five segments. Trajectories were assigned to the clusters based on their memberships. The clustering results are shown in Fig. 13 . The length of each cluster center is given in Table II. Note that there is no standard right answer for the clustering results, the effectiveness of the clustering results depends on the clustering purpose.
E. Trajectory Modelling
The second phase of the experiment was to build ANN models to predict the ships' probabilities of selecting different trajectory clusters based on their known information, i.e. ship speed, loading capacity, self-weight, maximum power, ship size, ship type (The numeric notations were shown in Table  I ) and water level. These variables were selected as the inputs of the ANN and the outputs were memberships to each cluster. This offers several advantages over traditional methods which use clustering label as the targets. In this application, the clusters do not have clear boundaries, thus a small error in membership would lead to a completely wrong cluster label. Using membership values as the targets can avoid these problems and improve the modelling accuracy.
Softmax function [19] was selected as the activation function of the output layer in the ANN to make sure the model gives a valid probability distribution, i.e, all outputs are greater than 0 and their sum equals to 1. The output of i th neuron in last layer is calculated using (15) . The cross entropy cost function [20] was used to obtain an error vector in the output layer, which was then backpropagated to the hidden layer and input layer to tune the weights of the ANN.
where L is the number of neurons in output layer, and e z j is the input of j th neuron in this layer. Five ANN models were then built to predict the ships' probabilities of choosing different trajectory clusters in the above five segments. The predicted trajectory length is given by the sum of cluster center lengths weighted by the predicted memberships. The experimental results show that the built model can achieve much better performance in predicting the ships' trajectory length when compared to the existing method. The MSE, MAE and NPE from both proposed method and existing systems were shown in table III. The built models have achieved the best performance for the 2nd trajectory Obviously, a significant improvement has been made over existing mid-line prediction method.
F. Discussion
The trajectory length prediction is vital for accurate and efficient traffic signalling in the Yangtze River. Even a small improvement in trajectory length prediction could make a big difference in traffic signalling. For example, ship A with the information listed in Table IV travelled through the Shenbeizui Controlled Waterway on November 2, 2015. The trajectory length predictions based on the built ANN models and the existing mid-line method are 11.4749 km and 11.6255 km respectively, while the actual length is 11.4900 km. The time ship A spent in the lower waiting area and the controlled waterway based on different trajectory length prediction methods are listed in table V. Suppose another ship B was approaching the controlled waterway at the same time, a traffic signal needs to be generated according to the simplified signalling model (1 correct signals for all different t B , the built ANN models are least likely to generate a wrong signal except when t B is between 92.39 and 92.51 minutes, while in the existing midline prediction method, a wrong signal would be generated when t B is between 92.51 and 93.59 minutes . In this case, the built models reduce the wrong signal time period by 0.96 minutes which is 89% in probabilities by comparing to the existing method. In practice, a wrong signal could lead to hours of unnecessary waiting time or risky U-turn for downstream ships. Thus, improved accuracy in the trajectory length prediction is always vital in ITSSs, especially for the busy Yangtze River. 200 randomly selected upstream ships are analyzed by the above method. By using the proposed ANN models, wrong traffic signals can be reduced by 74.68% in probability when compared to the existing mid-line method. Due to the space limitation, table VII shows the result of the first 20 upstream ships.
V. CONCLUSION
In this paper, strategies to predict ships' trajectory length based on the known ship information ( i.e. ship speed, loading capacity, self-weight, maximum power, ship type, ship length, ship width and water level) has been developed to improve the traffic signalling in the controlled waterways of Yangtze River. This is achieved by two phases. Firstly, the whole trajectories were partitioned into 5 segments according to the variances and then the clustering was implemented each segment of all trajectories. Secondly, ANN models were built to predict ships' probability of selecting different trajectory clusters in each segment. The trajectory length prediction was obtained by summing the weighted cluster center length. The experiment confirmed that the proposed approach could reduce the probability of false signalling by more than 74.68% compared to the existing system.
Although the proposed method has offered a few distinctive advantages, there are still some limitations. First, this research predicts the trajectory length by summing up the weighted cluster centre length. Thus, the exact trajectory is not predictable by the proposed method, this may limit its further applications. Second, the proposed method performs much better in controlled waterways than in broad and smooth waterways, which may be due to the fact that ships travel more arbitrary in broad and smooth waterways.
The future work will include the exploration of other approaches to further improve the performance of ship trajectory length prediction. In addition, other factors which influence the traffic signalling in the Yangtze River may also be considered.
